Abstract -This paper presents a multiobjective approach for a spatial-based zone design model to the division of a land surface into two or more pieces. The model employs multiobjective optimization technique and Geographic Information System (GIS) as its components. This paper defines the problem based on multiobjective because it considers relationship among objectives and it is much more realistic to solve a real-world spatial zoning problem. The multiobjective decision analysis has been used to approximate and handle the pareto-optimal solution to get optimal solution set after this paper applies a heuristic method to generate non-dominated alternatives. This paper also aggregates the decision-makers' preferences by allowing interactivity with decision-makers. The flow of the model and its implementation in the GIs environment is presented.
I. INTRODUCTION
This paper reports a multiobjective modeling for a decision-support in the Spatial Zoning Procedure (SZP). The process of SZP involves the division of a land surface into two or more pieces [3] . According to [2] , the aim of redistricting is to partition geographical zones or districts into territories, subject to some side constraints. 'Seeing relationships based on geography' is the selling point today for many practical oriented fields and 80 percent of decisions by state and local government involve a spatial component either directly or indirectly [4] . Geographers are used to thinking spatially, and geography has same common intellectual root related with spaces. Therefore, the study of SZP decision support system looks at a discipline that provides formalisms and theories fundamental to the management of space and automation of the land division process.
Therefore, this work is devoted to design a new methodology of multiobjective SZP model, called
Multiobjective Spatial Zone Design Model (MoSZoD), which can handle for multiobjective SZP. The requirement specifications are as following: Problem definition should be based on multiobjective because it considers relationship among objectives and realistic to solve a real-world problem Multiobjective decision rules should be able to approximate the pareto-optimal solution and able to handle the pareto-optimal solution set.
In aggregating the decision-makers' preferences, interactivity with decision-maker should be considered Thus, the main challenge of the study is to obtain a good evaluation method on intermediate spatial zoning solution for the purpose of approximation of ihe whole non-dominated solution set and to obtain the optimal solution set with a quality measurement from the non-dominated set. Besides, the model needs to get the preferences of decision-makers in an interactive mode.
The rest of this paper is organized as follow. In Section 2, the background and some technical requirements of the Multiobjective GIs-Based Spatial Zoning Model is presented. The proposed model is described in Section 3. This is followed by implementation and application in Section 4 and by conclusion in Section 5.
II. BACKGROUND AND TECHNICAL REQUIREMENTS OF MULTIOBJECTIVE GIs-BASED SPATIAL ZONING MODEL
Although SZP has some similarities with classical combinatorial optimization problems like location problem, making use of standard multiobjective scheme is unfeasible due to its spatial nature. In SZP, it is unavoidable to handle adjacency analysis, shapes of geographical features and the descriptions of each feature as well as to conduct spatial analysis such as topological overlay and contiguity analysis. Even the simplest aggregation scheme for SZP presents a massive number of possible alternative configuration without considering the fact that these criteria are conflicting with one another and do not share a common properties [6] . On the other hand, the pareto-optimal solution is a set of non-dominated solutions where each solution is not worse than the other solutions in the set on all objectives and better on at least one objective [12] . An optimal set of non-dominated solutions to SZP problem is found when all other solutions are dominated by a solution in the set. As a result, in multiple objective cases, there is no reason to expect approximately pareto-optimal solutions to have some common properties, which is actually reflecting the real-life SZP problem.
Any decision-making process begins with the recognition of decision problem. During the searching or scanning of the decision environment for conditions calling for decisions, raw data are obtained, processes and examined for clues that may identify problems and opportunities. In this phase of the process, adequate support is provided by current GIS systems, with special capabilities of processing spatially referenced data. The systems offer a unique opportunity to tackle problems traditionally associated with data collection and analysis more efficiently and effedively but only at the initial stage of decision-making process [13] . GIS can help in coordinating situation analysis through its ability to integrate data and information from a wide range of sources. It also effectively presents information in a comprehensive form to decision-makers, who otherwise may not be able to analyze all the data and information from pages of tabular report. However, for the time being, GIS only contributes to the optimization in terms of data gathering and visualization of the results because there are operational limitations on the use of optimization model for spatial decision analysis in GIS environment [14] . The functionality of GIS is essentially limited to overlaying deterministic digital map layers to define area simultaneously satisfying a set of locaiional criteria.
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DESIGN OF MOSZOD
There are five main components in the MoSZoD as shown in Fig. 1 . The spatial data handling in Component A is to conduct a pre-process for the input data, namely basic unit layer. The initial attempt is to combine indivisible basic units such as census tracts or enumeration areas in political districting into feasible districts to produce the outcome of spatial zoning plans. Therefore, SZP is considered as an assignment problem where assignees are being assigned to perform tasks. In other words, the assignees here are polygon features in the basic unit layer that will be assigned to a location so it involves holding a specific function. Before the assignment process, the basic units would be linked to their respective non-spatial data and they are stored in GIs.
Although this component is not the most important component in the MoSZoD, it plays an initial role to prepare the necessary input data for the other components later.
Component B works like a general spatial zoning scheme on problem definition. However, in order to consider the relationship among objectives, this component has been modified by component D for the purpose to have a more realistic situation to solve a real-world problem. Different mathematic functions have been formulated for each objective and they have been used in a dominance comparison in the component D later.
In Component C, basic GIS overlay operations like merging, dissolving, intersecting and others have been used to handle the spatial operations for SZP. These operations have been conducted in a specific search algorithms to produce a set of solutions for the decision-making process. The outcome of this process is a set of spatial zoning plans. A heuristic method has been used to perform the search process. This search process is followed by an interactive multiobjective decision-making scheme to get a set of near optimal solutions In the most special component D and E, there are the major features that work together to produce an easily understand framework for multiobjective SZP. These components consist of the multiobjective problem definition, the approximation of the non-dominated solution set. interactive decision-makers' preferences and optimal reference set.
The approximation process is then subdivided into another three stages on dominancy comparison, normalization and quality measurement. The following sections present the in-depth discussion because these two components play the underlying role for MoSZoD.
A. Multiobjective Problem Definition
First, multiobjective problem definition is important to contemplate the relationship among objectives by definition of multiple objective functions and comparison of their dominancy. In creating new zone yfrom existing zone x. the aggregation of additional basic unit from the left or right may create a different set of solutions. Thus, it is extremely crucial to compare the dominancy of the different spatial zoning plans created due to the influence of the multiple objectives. By comparing the relationship of their objective vectors, the more dominated spatial zoning plan could easily be identified. Subsequently, by the consideration of relationship among multiple objectives using the dominancy comparison in multiple objective problem solving, SZP becomes more realistic and practical.
Since this study defines each generated district plan as an alternative, the approaches involve designing the alternatives and searching for the "best" alternative among an infinite or very large of feasible alternatives on aggregation of any individual adjacent basic unit. The role of the multiobjective approaches is to provide a framework for designing a set of alternatives. Each alternative is defined implicitly in term of the decision variables and evaluated by means of objective functions. The approach derives attributes of alternatives from the preferences among objectives and the functions relating attributes to objectives. An attribute here is a concrete descriptive variable while an objective is a more abstract variable with a specification of the relative desirability of the levels of that variable. Consequently, the input data of spatial multiobjective SZPs in the basic unit layerwould be stored in the form of map layers Each map layer contains a set of polygon objects that are considered as elements of an alternative. The alternatives are derived from the map layers by defining the relationship between the objectives and the underlying attributes of the objectives contained in geographical space.
For that reason, this study includes a set of n spatial decision variables, a set of k objective functions (where !i=3 for tri-objective function), and a set of m constraints.
Objective functions are functions of the decision variables subject to constraints. The optimization goal is to
subject to e(x) = (e, The point zl dominates the point z2 if and only if zr > a (i.e. if z,k 2 zik for all objectives k and 2,' > z; for at least one objective k). The point zl is dominated by the pointz2,ifthepointz2dominatesthepointzj. Ifany other points do not dominate a point, it is called a nondominated point. Solution xl is superior to solution xz if the point zl dominates the point z2. Solution x, is inferiorto solution x2 if the point z2 dominates the point 21. If the point ZI is non-dominated. then XI is non-inferior. The set of all non-inferior solutions are referred as the Pareto-optimal set or the efficient set. The set of all non-dominated points is the non-dominated set. An efficient solution for multiobjective spatial zoning should be Pareto-optimal, and the solutions are uniformly sampled from the Pareto-optimal set. Also, this study uses weight vector (1) from the h-vector space A for each of the objective functions that defined as
On the other hand, range equalization factors are used to equalize the ranges of the objectives, and calculated as where Rj is the (approximate) range of objective j given a set of points Objective function values multiplied by range equalization factors are called normalized objective function values.
B. Approximation of Non-dominated Set
Secondly, the scheme allows the approximation of non-dominated set by dominancy comparison and quality measurement. The dominancy comparison works to identify the non-dominated solution set or pareto-optimal solution set. Dominancy comparison in multiobjective spatial zoning scheme is important because minimization of particular objective is totally different than the minimization of tri-objectives as shown in Fig. 2 . In mathematical form, min(Ol) or min(Oz) or min(O3) is unequal to min(01,02,03). Meanwhile the quality measurement aims to identify the merit of solutions visited in the search process from the pareto-optimal solution set. The goodness of the search is measured based on more than one functions defined for the objectives. It concentrates on the quality counter with spatial achievement scalarizing functions that include weight vector, reference set and each objective function scale. The following sections explain the detail of the dominancy comparison and quality measurement used for the proposed design.
Dominancy Comparison to Measure Manhattan Distance Norm and Set Distance Proximity Function
The study needs to ensure the neighboring move is optimized toward the non-dominated frontier.
The framework has to set and modify the weights, so that the point moves away from the other points, ideally having the points equidistantly spread over the frontier. Therefore, each element in the weight vector is sei according to the proximity of other points for that objective. However, this study only compares a point with the points of the current solution to which it is non-dominated. As shown in Fig. 3 . , The distance norm, aused on the objectives is then scaled by the range equalization factors.
Quality Measurement with Multiobjective Tchebycheff Scalarization Function
The challenge in this research is the measurement of the quality of the results. The outcomes of the multiple objective methods in this study is to obtain a set of optimal solutions from the approximation of the non-dominated set, such as the set of points and corresponding solutions that are mutually non-dominated. Therefore, the quality dimension in the proposed method refers to the ability to differentiate the merit of solutions visited during the search. In this context, memory has been used to identify elements that are common to good solutions or to paths that lead to such solutions. Operationally, quality becomes a foundation for this incentive-based learning, where inducements are provided to reinforce actions that lead to good solutions. The flexibility ofthese structures allows the search to be guided in a multiobjective environment, where the goodness of a particular search direction may be determined by more than one functions. The proposed method will concentrate the quality counter with achievement scalarizing function which takes into account on the weight vector, reference set and also each objective function scaling. The advantage of scalarizing function is the possibility of forcing particular solutions to explore the desired regions of non-dominated set. It allows for problem specific heuristics for construction of initiate solution andlor local improvement.
Accepting a randomly generated solution from the neighborhood will modify each generating solution from the 'neighboring move. Thus, the new solution is accepted with Achievement Tchebycheff Scalarizing Function (ATSF) with the reference point at the objective functions f(x) as defined by the following expression: for each alternatives (y, and y2) generated from existing district (x) to compare their dominancy in the objective space.
C. Interactive Decision-maker Preferences
Thirdly, the interactivity of the proposed scheme is extremely useful because the scheme could obtain the decision-makers' preferences on each objective. The method involves a series of computing steps alternated with dialogue steps and can be viewed as the interactive determination of a satisfying compromise for the decision-maker.
Practical problem are often solved according to the interactive mode [SI. It is also considered the most promising approaches to multiobjective optimization 1151. Therefore, the model would first obtain the preference information through a dialogue prompt from decision-maker and aggregate them with range equalization factors. A y-parameter ranges from 0 to 1 to define the intensification of the search in the reference direction on behalf the diversification of the current solution and in the resulting approximation. This parameter is an intelligent index. It is constant at first and it becomes vary when the solutions set is not tilled up. It may make sense to start with a low value and then gradually increasing if the expectation from decision-makers is too strict. After the system gains insight on the necessary tradeoffs in the problem, it starts working to loosen the most restricted Objective to achieve the desired size or cardinality of solutions set. Then, the framework communicates to the decision-maker by giving a dialogue to the decision-maker on the understanding and effects of the problem. The aggregation of a reference weight vector, r with range equalization factors and a y-parameter is as below:
where d = xhP
D. Optimal Reference Set
In SZP, the solutions are the set of zoning plans. The solutions set obtained from the approximation process are handled in a reference set. The model stores the constantly updated set of potentially pareto-optimal solutions in a Reference Set (RS). RS is empty at the beginning of the method. The scheme continuously updates it whenever a new solution is generated. Updating the set of potentially Pareto-optimal Solutions with solution x consists of adding z to RS if no point in RS dominates z, and removing from RS if all points dominated by z. New solution y obtained from x should be used to update RS only if it is not dominated by x. New potentially Pareto-optimal solutions could be added to RS only if they differ enough from all solutions contained already in this set. This study uses a threshold defining the minimum Euclidean distance in the space of normalized objectives between solutions in RS. A new potentially Pareto-optimal solution is neglected if it is closer to at least one solution in RSthan the threshold. The solutions added to RS in early iterations have a good chance to be removed from this set in further iterations. Whenever a new solution is created, the zoning plan becomes the member of the RS memory. The size of the memory is kept constant that its worst elements are regularly replaced by better ones.
E. Flow of Multiobjective Spatial Spatial zoning Decision-making
In simple, the flow of the multiobjective spatial spatial zoning decision-making is presented in Fig. 5 . After the definition of the tri-objectives functions at the beginning stage.
the framework needs to conduct the dominancy comparison for the entire district plans generated by the aggregation of the adjacent basic units. Those non-dominated solutions or district plans would be stored in pareto-optimal solutions set. In comparing the dominancy degree, this study uses range equalization factor to obtain a normalized objective functions. Then, Manhattan distance is meausred to get the proximity function to measure the dominancy degree. All the non-dominated solution are stored in a pareteoptimal solution set. From the pareto-optimal set, the scheme conducts a quality measurement to get the optimal reference set for ail the optimal solutions or district plans. The quality are measured based on pparameter reflecting problem size, intelligent ?parameter reflecting the desired cardinality of the reference set and weight vector from decision-makers. IV. Experiment and Application
The model described has been implemented in ArcGlS version 8.1. a GIS software product of the Environmental Software Research Institute (ESRI). ArcGlS is ESRl's flagship product, which has the capabilities of automation, modification, management, analysis and display of geographical information. The implementation coding was conducted with Visual Basic Application (VBA) embedded in ArcGlS and run on a Pentium IV 2.4 GHz PC with 256MB RAM. The input data to the multiobjective SZP was stored in the form of map layers called Shapefiles format, which were handled and visualized using the ArcGIS. Each map layer contained a set of objects that were considered as elements of alternative solutions. The map layers were first processed to define the spatial topology and the linking attributes. Basic operations used included operations on spatial relationship of connectivity, continuity, proximity and the overlay methods. As it was not possible to use the standard operations alone to generate the solutions, the proposed method was specifically designed, coded and aggregated in the VBAcode to tackle multiobjective SZP on a political districting.
The following political districting data are used in the model: 
Constraints in the multiobjective SZP has been divided into hard and soft constraints [16]. Soft constraints includes criteria that treat as soft requirements in an objective function while hard constraint is the unchangeable factors such as those natural geographic factors like rivers. A real world multiobjective SZP needs to consider them to allow realistic experiment and to identify the full range of alternatives. Therefore, the hard constraint is the continuity of districts and the soft constraints include: (1) Each basic unit is assigned to one district The objective function f , corresponding to the goal 3 measures a socio-economic homogeneity, S. The reasonable objective is to minimize the sum over all zonesj, of the standard deviation S,(x) of by the average income of each basic unit in the zone.
Since it is unrealistic to test all combinations of candidate values for every aspect of the proposed multiobjective SZP, this paper focuses the experiment on the overall performance of the proposed model with common minimization of a weighted additive multicriteria function (WAMCF) as defined as below:
where a, is a weight and f , (x) is the value of a function assigning a value of criterion r to any given solution x. Therefore, for the same case study, this paper applied the proposed model and the selected multicriteria method. This paper considers 3 zones created for each zoning plan and this paper uses 55 basic units for the input of the model (Fig.   6 ). The weight vectors assigned for each of the objective 0.6, 0.3 and 0.1 for repective objectives.
The use of the selected minimization function is to prove the effectiveness of the proposed MoSZoD in multiobjective environment rather than in a common single objective environment with a weighted additive multicriteria function. Table 1 shows a comparison of the objectives functions for the original zoning plan with the improved plans generated from the different methods. From the result, this paper observes that the solutions from the proposed model helps optimize all objectives simultaneously and the feasible solutions yielding the best compromise among all objectives on a set of Pareto-optimal solutions in both cases. However, for the multicriteria case, the outputs are worse than the original zoning plans especially in the first objectives. The generated zoning plans for the two cases are given in Fig. 7 and 8. Fig. 7 . Optimal reference set found by the proposed model.
V. CONCLUSION
The state-of-the-art multiobjective optimization is a practical solution for spatial zoning problem. This study has formulated the problem as a multiobjective one to solve a realistic multiobjective spatial zoning problem. A spatial zoning model with multiobjective decision-making has been developed. The framework has been presented with its specifications. important components and functions. GIS tool is employed in data acquisition, storage, retrieval, and management of the spatial data for the use of the multiobjective method in making the spatial zoning decision. Preliminary numerical experiment validates our method with examples of three most commonly defined objectives in generating a simple three-zones plan. The results are promising for our method based on the experiment of different quality measurement methods used. [14]J. Malczewski, G/S and Multicriteria Decision Analysis,
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